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ABSTRACT
STUDIES ON HIGH-THROUGHPUT SINGLE-NEURON RNA SEQUENCING AND
CIRCADIAN RHYTHMS IN THE NUDIBRANCH, BERGHIA STEPHANIEAE
FEBRUARY 2021
THI BUI, B.S., UNIVERSITY OF MASSACHUSETTS AMHERST
M.S., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Professor Paul S. Katz
One of the goals of neuroscience is to classify all of the neurons in the brain. Neuronal types can
be defined using a combination of morphology, electrophysiology, and gene expression profiles.
Gene expression profiles allow differentiation between cells that share similar characteristics.
Leveraging the advantage of Berghia stephanieae (Gastropoda; Nudibranchia), which has around
28,000 neurons, I constructed high-throughput single-neuron transcriptomes for its whole brain. I
produced a single-cell dissociation protocol and a custom data analysis pipeline for data of this
nature. Around 129,000 cells were collected from 18 rhinophore ganglia and 20
circumesophageal ring ganglia (brain), consisting of the cerebropleural, pedal, and buccal
ganglia. Messenger RNA libraries were constructed using the 10X Genomics’ Chromium
platform. After library preparation, around 1,000 cells were recovered and sequenced. The
HTStream package was utilized to trim off unwanted sequences from the raw reads and remove
PCR duplicates and other contamination, then the salmon alevin package was employed to
construct gene-by-cell matrices containing all the transcripts for each gene in each cell. The
Seurat pipeline was used to extract this expression data from the matrices, normalize it, and
perform dimensionality reduction. The cells were clustered based on similarities in their gene
expression profiles. The cells formed eight clusters on a UMAP graph, each having distinct
marker genes. Additionally, one cluster was composed of almost exclusively cells from the
rhinophore ganglia, accounting for 30% of all rhinophore ganglion cells in the sample. Cells
from the rhinophore ganglia are as heteregenous as cells from the rest of the brain, with cells
forming six clusters. Cell populations that express the same neurotransmitter were identified for
a wide range of both small-molecule neurotransmitters and neuropeptides. In a separate project,
the locomotion of Berghia was recorded over 9 days with 2 lighting regimes: LD first and DD
first. The results suggest that locomotion of Berghia is governed by circadian clock and that
Berghia is nocturnal. Hunger state likely plays a role in modulating this circadian rhythm.
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CHAPTER 1
HIGH-THROUGHPUT SINGLE-CELL TRANSCRIPTOMES OF THE BRAIN OF
BERGHIA STEPHANIEAE

1.1 Introduction
Classifying every neuron in the brain is one of the primary objectives of neuroscience.
Along with other tools such as innervation pattern, physiology, and morphology, cell types can be
accurately assigned to each cell (Northcutt et al., 2019). High-throughput single-cell RNA
sequencing (scRNA-seq) allows unbiased profiling of cell types in the brain. The resulting singlecell transcriptomes can be used to identify cell clusters based on similarities in gene expression
patterns. The marker genes of each cell cluster can be used to design probes for hybridization chain
reaction (HCR), a type of flourescent in situ hybridization, to localize the neurons in the brain. In
addition, the transcriptomes can be used to identify neurons with specific genes of interest, as well
as co-expressed genes to differentiate between cells within and across populations. The nudibranch
mollusc Berghia stephanieae offers the advantage of having a small number of neurons, around
28,000 neurons. Therefore, this project produced a protocol to construct high-throughput singleneuron transcriptomes for Berghia to identify neuronal types based on gene expression profiles.

1.2 Background
1.2.1 Previous transcriptomics work in gastropod molluscs
Bulk transcriptomes have been assembled for some gastropod molluscs and allow for
comparison studies between their evolutionary positions with other species. The neuronal
transcriptomes of Aplysia californica were used to construct a phylogenetic tree between Aplysia
1

and other bilaterian animals, which places Aplysia in the evolutionary context. (Moroz et al., 2006).
Transcriptomes at various developmental stages (i.e., embryo, larva, and metamorphosis) revealed
genes encoding neuropeptides, putative hormones, and transcription factors involved in the
molecular mechanisms of embryogenesis, neurogenesis, larval development, and metamorphic
stages. The brain transcriptome of Lymnaea stagnalis also identified some similar transcripts
between this transcriptome and that of Aplysia. Moreover, two-thirds of the sequences were unique
to Lymnaea and had no known homologs to any other species (Feng et al., 2009). Similar
transcriptomes have been assembled for the Aplysia kurodai (Choi et al., 2010), Tritonia diomedea
(Senatore et al., 2015), Hermissenda crassicornis (Tamvacakis et al., 2015), and Melibe leonina
(Cook et al., 2018).
Low-throughput single-cell transcriptomes of neurons in specific neural circuits underlying
behaviors identified expression patterns of genes that regulate the molecular mechanisms of those
behaviors. In Aplysia, single-cell libraries generated from previously identified neurons in the gillwithdrawal circuit helped establish candidate genes for the molecular machinery of this circuit
(Moroz et al., 2006). Differential expression analysis of the single-cell transcriptomes of the
sensory neurons in the gill-withdrawal reflex circuit also showed upregulation and downregulation
of genes involved in learning and memory with age (Greer et al., 2018). Combined single-cell
methylome/RNA-seq transcriptomes conducted from the same cells of the memory-forming circuit
have provided insights into the effect of the difference in epigenomics of each cell to its aging
(Moroz and Kohn, 2013). Single-neuron transcriptomes of neurons in the swim central pattern
generators of Pleurobranchaea californica, Tritonia, and Hermissenda revealed that the
differences in expression of different serotonin receptor genes affect the manifestation of the
swimming behavior in response to serotonin in these animals (Tamvacakis et al., 2018).
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1.2.2 High-throughput single-neuron transcriptomes allow characterizing unknown cell
types in the central nervous system of Berghia
Single-cell transcriptomes represent the gene expression profiles of individual cells, which
provide insights into cell identities and functions. The transcriptomes can capture expression
patterns of lowly-expressed transcripts that are usually not detected in a whole-brain transcriptome
due to data normalization (Eberwine et al., 1992; Hwang et al., 2018). Cell profiles are
heterogeneous even in the same cell cluster, morphologically or molecularly (Eberwine et al.,
1992; Björklund et al., 2016). Therefore, scRNA-seq has become an efficient method to
characterize cell identity, quantify mRNA expression in individual cells, identify cell clusters and
marker genes, and determine the relationship between cell states and cell functions (Eberwine et
al., 1992). Leveraging the advantages of high-throughput scRNA-seq, we want to go beyond a few
large and identifiable neurons and construct the high-throughput single-cell transcriptome to
identify and characterize all cell types in the brain of Berghia.

1.2.3 10X Genomics’ Chromium platform addresses the unique characteristics of the brain
of Berghia
The Berghia brain consists of four pairs of ganglia: cerebropleural, pedal, buccal, and
rhinophore. We estimated that the main brain, which consists of the cerebropleural, pedal, and
buccal ganglia (Figure 1), has around 10,000 cells based on an extrapolation of cell count in the
pedal ganglion with cell size ranges from 20µm to 100µm. The rhinophore ganglia have around
18,000 cells that are mostly less than 20µm in diameter as determined by light sheet fluorescene
microscopy and electron micrograph (Brandon Drescher, personal communication).

3

DAPI
Rhinophore ganglion

Cerebropleural ganglion
Buccal ganglion

Pedal ganglion

Figure 1. Fluorescence confocal z-projection image of the brain of Berghia using DAPI to label
the cell nuclei. There are four types of ganglion: cerebropleural, pedal, buccal, and rhinophore.
Scale bar: 100µm.
The droplet-based scRNA-seq platform 10X Genomics’ Chromium (or Chromium)
addresses some of Berghia brain’s unique characteristics. The platform offers high-throughput cell
encapsulation and sequencing that covers up to 10,000 cells on each of its eight parallel
microfluidic channels. This coverage is enough to sample our target cell count. Chromium has a
50-65% cell recovery rate and 80% bead fill rate, low cell barcode error rates, and effective primerto-transcript-binding bead material. In addition, the platform does not require a high amount of
starting cell samples or prior knowledge of the gene sequences (Zheng et al., 2017). These
advantages contribute to maximizing the use of Berghia brain’s low cell-count sample. In addition,
the system also uses 3’ tag based sequencing and only requires a minimum sequencing depth of
25,000 – 50,000 reads per cell for cell-identity discovery purpose (Andrews and Hemberg, 2018).
Lastly, the platform is highly automated and optimized, therefore reducing human errors.
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The downside of the platform is that it has a cell size limit of 40µm due to the size limit of
the microfluidic device (50-60µm). This will consequently exclude cells that are larger than the
threshold. Due to its high optimization and commercialization, the cost for library prep is high.
Overall, Chromium has slightly higher sensitivity and precision and less technical noise
than other droplet-based protocols (i.e. indexing droplets sequencing (inDrop) (Klein et al., 2015)
and Drop-seq (Macosko et al., 2015)). It has the highest cell recovery rate, which maximizes the
yield of our sample. Therefore, Chromium was chosen for our initial scRNA-seq attempt.

1.3 Methods
1.3.1 Sample preparation and fixation
This cell dissociation protocol was adapted from the Lyons Lab’s cell dissociation protocol
for juvenile Berghia (Deidre Lyons, UCSD, personal communication with Vanessa Barone and
Park Masterson). Unless otherwise noted, reagents and equipment were obtained from Fisher
Scientific (Waltham, MA). Calcium-magnesium-free artificial sea water (CMFSW) and all
reagents were made with UltraPure DNase/RNase-free distilled water. Bovine serum albumin
(BSA) -coated (Sigma-Aldrich, St. Louis, MO) Eppendorf DNA LoBind 1.5mL tubes (Eppendorf,
Enfield, CT) were used throughout the experiment. A Sorvall Lynx 6000 swing bucket centrifuge
was used for all centrifugation steps.
The dissection and dissociation were performed on four different days at the same time of
the day by the same person to minimize batch effects. A total of 20 healthy adult Berghia were
anesthetized in 4.5% w/v MgCl2 in CMFSW. Brains were dissected and treated in an enzyme
mixture comprised of 2% w/v pronase and 0.2% w/v liberase in CMFSW (Sigma-Aldrich, St.
Louis, MO) to digest the ganglion sheath. Then, the rhinophore ganglia were removed by scissors
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from the main brain at the connecting points between the rhinophore ganglia and the cerebropleural
ganglia. 18 pairs of rhinophore ganglia were recovered. From here onwards, two samples were
prepared parallel: the main brain and the rhinophore ganglion (RG) sample.
Each sample was triturated in 400µL of CMFSW until a single-cell suspension was
achieved with minimal cell lumps (the main brain: 2 minutes with regular-bore P200 tip at a quick
pace, 1 minute with wide-bore P200 tip at a slower pace, and 1 minute with regular-bore P200 tip
at the same slow pace; the RG: 4 minutes with regular-bore P200 tip at a quick pace). Cell
suspensions were filtered through a 400µL layer of 4% BSA in CMFSW at 4oC, centrifuged in the
swing bucket centrifuge for 10 minutes and at 100 x g for the brain sample and for 6 minutes and
at 400 x g for the rhinophore sample.
The cell suspensions were re-suspended in 400µL of CMFSW and fixed in 1600µL of
100% methanol. Precipitants would form from the salt in the CMFSW. The tubes were incubated
for 10 minutes at -20oC. Then, they were centrifuged in the swing bucket centrifuge for 5 minutes,
at 4oC and 500 x g. 2mL of 0.5% w/v BSA in 1X phosphate-buffered saline (PBS) was added to
dissolve the salt. The suspensions were centrifuged again as above. 400µL of 0.5% w/v BSA in
1X PBS was added first then 1600µL of 100% methanol were added drop by drop to fix the cells.
The tubes were stored overnight at -20oC.

1.3.2 Cell suspension rehydration and cell counting
The suspensions were equilibrated to 4oC for 5 minutes in an ice bucket and centrifuged as
above. Supernatant was removed and 2mL of 0.5% w/v BSA in 1X PBS was added to dissolve the
salt. The suspensions were centrifuged as above and then rehydrated in 200µL of 1X PBS. Two
samples (18µL) were pipetted from each suspension into two tubes for cell counting. In each tube,
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2µL of 20µg/mL Hoechst in 1X PBS was added to stain the cell for at least 20 minutes. 10µL was
loaded into the bright-line hemocytometer (LW Scientific, Lawrenceville, GA) and Hoechstpositive cells were counted to determine the cell concentration in four independent draws per 10X
Genomics’ protocol.
The rest of the suspensions were re-suspended in 400µL of 0.5% w/v BSA in 1X PBS, then
re-fixed in 1600µL of 100% methanol added drop by drop and stored until all of the samples were
collected. All samples were later rehydrated again and pooled together into one tube for each
sample and re-suspended in 200µL of 0.5% w/v BSA in 1X PBS then re-refixed in 800µL of 100%
methanol added drop by drop.

1.3.3 Single-cell library preparation and sequencing
The fixed samples were sent to the Bauer Core Facility at Harvard University (Cambridge,
MA) for mRNA library preparation and sequencing using 10X Genomics’ Chromium Single Cell
3’ Gene Expression v3 chemistry. Before being loaded into the Chromium platform for library
preparation, the single-cell suspensions were rehydrated, filtered through a 40µm cell strainer, and
counted to adjust for the correct cell loading concentration. The main brain and RG sample were
loaded at a concentration of 1000 cells/µL and 800 cells/µL, respectively so that a total of 10,000
cells was loaded.
The Chromium platform encapsulates single cells along with reverse transcription (RT)
and cell lysis reagents and gel beads in nanoliter oil droplets, which is the basis of the technology
Gel bead in Emulsion (GEM). Each gel bead contains barcoded oligonucleotides that label the
identities of the downstream cDNA transcripts. Cells are loaded at a limiting dilution rate so that
99% of GEMs are empty and only 1% contain single cells. The Chromium platform is designed
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for a cell count range of 500 to 10,000 cells with a cell loading concentration of 700 cells/µL to
1200 cells/µL.
Within the oil droplets, the cells are lysed and all the RNAs are reverse transcribed into
cDNA. At the end of RT, each cDNA transcript has the following components at the 5’ end: 1) an
Illumina sequencing adapter and primer, 2) a 16bp shared unique GEM barcode, 3) a 12bp unique
molecular identifier (UMI) sequence to track polymerase chain reaction (PCR) duplicates, and 4)
a poly-dT primer sequence that hybridizes with the poly-A tail of the RNA transcript. The 3’ end
of the cDNA transcript has a template switching oligo (TSO), which hybridizes to C nucleotides
added by the reverse transcriptase during the RT process1. After RT, the oil droplets are broken
and all the cDNA transcripts are pooled together for PCR amplification using primers that are
complementary to the TSO and sequencing adapters (Zheng et al., 2017).
The sequencing libraries are then loaded into the Illumina NovaSeq with SP full flow cell
type with a 2x100 paired-end kit using the following read lengths: 28 bp Read 1, 8bp I7 Index, and
91 bp Read 2 and at a sequencing depth of 40,000 reads/cells.

1.3.4 Sequencing reads preprocessing and gene-by-cell matrices generation
The data was pre-processed using the HTStream package2 and alevin pseudoaligner
pipeline (Srivastava et al., 2019). The raw reads sequencing data can be found on Gene Expression
Omnibus under the accession number GSE165967. The reference transcriptome of mixed
embryonic, juvenile, and adult Berghia used in this experiment (TSA accession number:

1

What is a template switching oligo? https://kb.10xgenomics.com/hc/enus/articles/360001493051-What-is-a-template-switch-oligo-TSO2
Github page of HTStream package: https://s4hts.github.io/HTStream/
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GIYH1000000) was generated in the Lyons Lab (Deidre Lyons, UCSD, personal communication
with Jessica Goodheart).
HTStream trims off unwanted sequences from reads (i.e., adapters, primer sequences, polyA tails), merges short overlapping paired-end reads, removes quality bases or N characters, and
removes PCR duplicates, junk reads, and contamination. This preprocessing process helps speed
up the downstream mapping and assembly process.
HTStream output, which is clean read 1 and read 2 FASTA files, is then imported into the
alevin pseudoaligner pipeline. Alevin is designed specifically for processing droplet-based
scRNA-seq data. Alevin uses the reference transcriptome to index the reads. A transcript-id-togene-id tab-separated file is extracted from the transcript FASTA file in order to map the reads.
Alevin uses the read 1 file containing the cell barcodes (CB) and the UMI information to generate
a frequency distribution of all the observed CB and correct the CB. Then, alevin aligns the
sequences in the read 2 FASTA file to the reference transcriptome, annotates the sequences with
barcode information, identifies potential PCR/sequencing errors in the UMIs, and de-duplicates
UMIs due to PCR amplification while also accounting for UMI collisions. Finally, alevin generates
an estimated whitelist of correct CB and a gene-by-cell matrix for each sample containing
information about the expression level of all genes in rows and all cells in columns.

1.3.5 Cell clustering and marker genes identification
These gene-by-cell matrices were analyzed with the Seurat R package (Stuart et al., 2019).
These matrices can be found as Associated Files to this thesis (APPENDIX C) and on Gene
Expression Omnibus under the accession number GSE165967. The custom R script and the R
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markdown notebook for this analysis is being stored in a public Github repository3. The cell quality
of the brain and RG samples were compared to make sure there were no batch effects. The matrices
were then combined for downstream analysis. The following QC parameters were set to filter out
low-quality cells and/or genes from the dataset: genes that appear in less than 2 cells and cells,
along with their genes, that have less than 100 genes. These thresholds are lower than Seurat’s
default thresholds to account for the uncertain nature of our sample.
The number of transcripts per gene per cell were normalized with respect to the total
number of transcripts of that gene across cells. The normalized expression level was then logtransformed with a factor of 10,000 and scaled to regress out technical noise and batch effect.
Finally, the data was scaled so that the mean expression across cells was 0 and the variance was 1.
After the QC process, principal component analysis (PCA) was performed on the expression level
of all gene transcripts to reduce the dimensions of the dataset while capturing the most
representative variations of the dataset. The number of principal components (PCs) for
downstream analysis was chosen by plotting the Elbow Plot, which ranks PCs based on the
percentage of variance explained by each PC. The first 50 PCs were chosen to perform cell
clustering based on their gene expression profiles using the k-nearest neighbors algorithm for each
cell. The cells were plotted in a shared nearest neighbor (SNN) graph with the FindNeighbors
function at a resolution of 1.0. They were then clustered by a SNN modularity optimization-based
clustering algorithm with the FindClusters function. The clusters were visualized on a twodimensional graph with the Uniform Manifold Approximation and Projection (UMAP)
dimensional reduction technique (Figure 2).

3

The custom R script and Rmarkdown notebook of the Seurat analysis pipeline is saved in the
following Github repository. https://github.com/thibui1996/Master_thesis_single_cell_project
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Gene annotations from Trinotate (Bryant et al., 2017) from the reference transcriptome
were matched with the genes. Marker genes were identified using the likelihood-ratio test for
single cell gene expression using the FindAllMarkers function. Only positive differentially
expressed genes that were expressed in at least 25% of the cells in the cluster, had at least 0.25fold difference (natural log-scale) between a cell cluster and the rest of the cells in the dataset, and
had an adjusted p-value lower than 1 were identified as marker genes for that cluster. Adjusted pvalue represents the false discovery rate. An adjusted p-value of 1 means there is a 100% chance
that the marker genes identified here is due to chance. The top identified marker genes, which had
the lowest adjusted p-value, were visualized on the UMAP plot to verify that they were
differentially expressed in their respective cluster. Otherwise, the FindMarkers function could be
used to identify markers between specific clusters.

1.3.6 Visualization of gene expression profiles of cell populations of interest
For each cell population that expresses a gene of interest, the raw, unscaled gene expression
profiles for cells that express that gene were constructed. First, a vector (when there is only one
marker gene) or matrix (when there is more than one marker gene) containing the expression
values of that gene was obtained in all cells, then the vector or matrix was filtered for only cells
that positively express the particular gene of interest. The identities of the cells were used to subset
out a Seurat object containing all information related to those cells. The top 30 highly variable
genes were identified for the Seurat subset using the FindVariableFeatures function and combined
with our list of 11 genes of interest into a custom gene list to use in the heatmap. A matrix
containing the raw gene expression in the “data” metadata were obtained and only the expression
of genes in the custom gene list were retained in the matrix. Then, the expression levels of these
genes were scaled from 0 to 6. Only cells that positively express these genes were retained in the
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matrix. The gene annotations were also attached to the matrix. The final matrix was plotted using
the ComplexHeatMap R package with hierarchical clustering.

1.4 Results
1.4.1 The cell dissociation protocol provides a framework to collect single-cell suspension
from Berghia brain
Every step of the protocol has been designed to collect the highest number of single cells
and minimize multiplets. The first step was to digest the ganglion sheath. Initially, 0.5% protease
Streptomyces Type XIV (Sigma-Aldrich, St. Louis, MO) was used. However, the ganglion sheath
was not properly digested and large numbers of cells stuck to the sheath. De-sheathing with forceps
did not resolve the problem and resulted in cell damage. After switching to using pronase and
liberase, the concentrations were adjusted to 20X from the Lyons Lab’s protocol to achieve optimal
tissue digestion.
The second step was to dissociate the tissue into single cells. For the main brain sample,
the regular-bore P200 tip was first used at a quick pace to break apart tissue and tear cells off the
ganglion sheath. Then, the wide-bore P200 tip was used to tease apart cell lumps at a slower pace.
Finally, the regular-bore tip was used again to more finely separate multiplets. Throughout the
dissociation process, setting the pipette at 200µL and having 400µL of ASW proved sufficient to
have enough liquid to break cells apart.
The RG cells are much smaller than the cells from the rest of the brain and needed different
trituration speed and time. Therefore, the RG were separated from the main brain. The RG cells
were dissociated more vigorously with just the regular-bore P200 tip. However, this still might
not be sufficient since the yield for the RG sample was low.
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The third step was to fix the cells. The fixation protocol was based mostly on the Methanol
Fixation of Cells for Single Cell RNA sequencing from 10X Genomics4. Live cells from the main
brain were centrifuged at a slower speed and longer time than the RG cells (10 minutes at 100 x g
vs 6 minutes at 400 x g) because high centrifugal speed can potentially damage large cells. After
the cells were fixed, this precaution was not necessary anymore. I also tested centrifuging the cells
at 1000 x g but it did not yield a higher cell concentration. After consulting the cell size of
peripheral blood mononuclear cells, which were the cells they used in the 10X Genomics’ protocol,
I decided that the 500 x g centrifugal speed was sufficient. The only thing that I changed was the
resuspension buffer for cell rehydration; I used 0.04% BSA in 1X PBS per the Lyons Lab’s
protocol instead of using their Wash-Resuspension buffer. This potentially resulted in RNA
leakage in the cells, which might explain the low gene and UMI counts in the cells in downstream
analysis. It has been showed that the Wash-Resuspension buffer contains 3X saline sodium citrate
buffer, which preserves RNA integrity and prevents RNA leakage (Chen et al., 2018).

1.4.2 Single-cell transcriptomics data reveals cell clusters based on gene expression profiles
and the complexity of the neurons
The sequencing data was analyzed using the Seurat package to identify cell clusters based
on gene expression profiles. An estimate of 10,000 cells of each sample was loaded to the
Chromium platform. After the library preparation pipeline, I expected to get around 50-65% of the
cells back. However, after the initial QC analysis, the yield of the brain and RG sample were 691
and 316 cells, respectively, which translate to a recovery rate of 6.91% and 3.16%, respectively.

4

10X Genomics’ Demonstrated Protocol: Methanol Fixation of Cells for Single Cell RNA
Sequencing:
https://assets.ctfassets.net/an68im79xiti/7rsw40AVqX3ZXwIl7MDj85/fb7ac4e1b324827f5b738a
de5a02b650/CG000136_Demonstrated_Protocol_MethanolFixationCells_RevE.pdf
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There were 15,879 and 12,037 genes in the brain and RG sample, respectively. For the brain
sample, the median number of genes per cell was 524, while the median UMIs per cell was 1,123.
For the RG sample, the median number of genes per cell was 471, while the median UMIs per cell
was 846.7 UMIs/cell. The data from two samples were collapsed into one dataset for downstream
analysis after the cell quality check that there were no batch effects between two samples. The
combined dataset had a total of 1,007 cells and 16,672 genes. The total number of genes is a union
between the gene sets from both samples. Overall, this is a much smaller number of cells than we
expected (5,000-6,500 cells/sample).
A

B
5.0

5.0

4

1

2

2.5

UMAP_2

UMAP_2

2.5

0.0

6

0

brain
rhinophore ganglion

0.0

5

−2.5

−2.5

3

−6

−3

7
0

3

−6

UMAP_1

−3

0

3

UMAP_1

Figure 2. UMAP graphs show the same cell clustering of the single-cell transcriptomics data in
two different ways. (A) The cell clustering was visualized with the different colors represented the
different clusters and the shapes marked the cells’ origin. (B) The cell clustering was visualized
with the different colors represented the samples the cells came from.
After dimensionality reduction and cell clustering, there were 8 distinct clusters (0-7) on
the UMAP, ordered by decreasing number of cells (Figure 2A). The distributions of number of
genes and UMIs among clusters show that the number of genes and UMIs were even across
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clusters, except for cluster 3, which had the highest number of genes and UMI counts per cell. The
median number of genes and UMIs per cells of cluster 3 were 1,508 and 4,273.5, respectively,
2.88 and 3.81 times higher than those numbers in the brain sample, respectively, and 3.2 and 5.05
times higher than those numbers in the RG sample (Figure 3).
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Figure 3. Violin plots of the distributions of number of genes (A) and UMIs (B) plotted by original
clusters for cells from both samples. The different colors indicate independent clusters. The x-axes
show the cluster id, while the y-axes show the number of genes (A) or UMIs (B).
Cluster 5 was composed of mostly RG cells (Figure 2). The data suggests that there are
two categories of RG cells: those that cluster together in cluster 5 and those that cluster with cells
from the rest of the brain. Therefore, the prediction is that the cells would at least be grouped into
two clusters and the cells that mix with the rest of the brain would further be grouped into
subclusters. To test this prediction, I extracted the expression matrices of these cells as eight new
Seurat objects and then combined them into one big Seurat object for the new analysis. The cluster
ids from the previous analysis were attached to each cell as a new metadata. No filtering QC
parameters were applied because this was performed in the previous analysis. Of 103 cells in
15

cluster 5, 95 cells (92.23%) were from the RG sample. This accounts for 30% of all RG cells. After
PCA, the first 50 PCs were chosen to perform cell clustering and further differentiated into
subclusters using the same FindCluster function at a resolution of 0.1.
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Figure 4. UMAPs of RG cells’ clusters based on the original clusters the RG cells came from in
the first Seurat analysis (A) and based on the new clusters (B). The different colors indicate
independent clusters. Cluster c0, c3, c5, and c7 re-clustered into one big new cluster 0. Cluster c2
and c6 re-clustered together into the new cluster 1. Cluster c1 and c4 re-clustered by itself into the
new cluster 2 and 3, respectively.
Plotting the cells based on the original clusters from the previous analysis (Figure 4A) and
new clusters (Figure 4B) show similar cell distributions, i.e., four distinct groups of cells in the
UMAP space. The new clustering does not show further differentiation from the previous
clustering. In contrast, it shows that the cell profiles of RG cells from cluster c2 and c6 are more
similar to each other, as well as cluster c0, c3, c5, c7 to each other. Interestingly, cells from cluster
c5 did not cluster as an independent cluster. Cells from c5 re-clustered to be its own cluster,
whereas cells from c0 were split and coupled with c7 and c3 to create the new cluster 1 and 2,
respectively. Plotting the distribution of the number of genes and UMIs of the RG cells based on
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the original clusters shows that the cell quality is mostly similar across clusters, except for cluster
3 (Figure 5A-B). Another noticeable feature is that cells from the new cluster 2 mostly consisted
of cells from cluster c3 (Figure 4), which explains why the cell quality of cluster 2 was higher than
other clusters (Figure 5C-D). Overall, the RG cells showed similar cell heterogeneity as cells from
the rest of the brain and the cell clustering was robust between the RG sample alone and both
samples combined.
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Figure 5. Violin plots of the distributions of number of genes (A and C) and UMIs (B and D)
plotted by original clusters (top row, A and B) vs new clusters (bottom row, C and D) from all RG
cells. The different colors indicate independent clusters. The x-axes show the cluster id, while the
y-axes show the number of genes (A and C) or UMIs (B and D).
Marker genes for each cluster were identified based on the highest average natural log foldchange of the average expression in a particular cluster to their expression elsewhere in the dataset.
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An adjusted p-value of 1 means there is a 100% chance that the marker genes identified here is
due to chance. Table 2 (Appendix A) lists the top 5 marker genes for each cluster.
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Figure 6. The top two marker genes which have the highest average natural log fold-change
between their expression in a particular cluster and their expression elsewhere for clusters in both
samples. Each dot represents a cell. Red and green indicate two different genes and yellow denotes
where both genes are co-expressed. The markers of cluster 1, 2, and 4 have the highest expression
in their respective cluster. Nonetheless, the markers for cluster 0, 3, 6, and 7 are not confined to
one cluster. In addition, markers for two subcluster c5_0 and c5_1 also do not clearly mark them
exclusively.
The top two marker genes for each cluster and subcluster were plotted onto the UMAP
plot. The markers of cluster 1, 2, and 4 express the most in their respective cluster, i.e., they were
most highly expressed in that cluster. The markers for cluster 0 are not very exclusive, similar with
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those for cluster 3, 6, and 7. Markers for two subcluster c5_0 and c5_1 also do not clearly mark
them exclusively. (Figure 6).
Similarly, when the marker genes for the RG sample were plotted on the UMAP, most of
the markers are most highly expressed in their respective clusters (Figure 7). The markers for
clusters 1 and 2 were not expressed in all of the cells of their clusters, and they are also expressed
in nearby clusters (i.e., cluster 0-2).
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Figure 7. The top two marker genes, which have the highest average natural log fold-change
between their expression in a particular cluster and their expression elsewhere for clusters in the
RG sample. Each dot represents a cell. Red and green indicate two different genes and yellow
denotes where both genes are co-expressed. The markers express the highest in their respective
cluster.
Another application of the transcriptomes is to identify cell populations that express genes
of interest. There are two categories of cells that are of interest: cells that express small-molecule
neurotransmitters and those that express neuropeptides. Marker genes of nine neurotransmitters
(Table 1) were used to identify these cells. Alternatively, when there was no annotation for the
gene of interest in the reference transcriptome, homolog protein sequences from Aplysia’s
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transcriptome were used to BLAST against Berghia’s transcriptome to look for the gene name and
sequence. All the BLAST hits were aligned with the Aplysia’s sequences to check for alignment
with Clustal Omega (Sievers et al., 2011) and for definitive sequences in the neuropeptides ELH
and APGWamide.
Table 1. Neurotransmitters and their marker genes
Neurotransmitters
Marker genes
Acetylcholine
Choline acetyltransferase (ChAT)
Vesicular acetylcholine transporter (VAChT)
Glutamate
Glutaminase (GLS)
Vesicular glutamate transporter 1-3 (VGLU 1-3)
GABA
Glutamate decarboxylase (GAD)
Vesicular GABA transporter (VGAT)
Serotonin
Tryptophan hydroxylase (TPH)
Octopamine
Dopamine beta-hydroxylase (DBH)
Dopamine
Tyrosine monooxygenase (i.e. tyrosine hydroxylase
(TH)).
SCP
SCP
APGWamide
APGWamide
ELH
ELH
FMRFamide
FMRFamide
Cell populations that express these nine neurotransmitters were identified in the UMAP
(Figure 8). Table 3 (APPENDIX B) summarizes the presence or absence of these groups of cells
in the dataset. Most of these cell populations are in cluster 0, 3, and 5 (Figure 8). There are only 3
glutamatergic cells that spread out in cluster 1, 3, and 6 (Figure 8A). Cholinergic and conopressin
cells are in cluster 5, which are mostly RG cells (Figure 8B and H). Dopaminergic, SCP,
FMRFamide, APGWamide, and ELH cells are mostly concentrated in cluster 0 and 3 (Figure 8C,
E-G). For APGWamide, g-TRINITY-DN117340-c0-g1-i1 has the highest bits score (142) and
lowest E value (2e-43). Both contain several APGW motif repeats, which is a definitive sequence
of APGWamide.
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Initially, when Seurat’s default cell filtering thresholds were used (i.e., genes need to be
present in at least 3 cells and cells need to have at least 200 genes), I was unable to recover as
many cell populations as listed in Table 3 (APPENDIX B). However, when I lowered the
thresholds to 2 cells and 150 genes, I recovered more neurons that express the neurotransmitters
we are interested in, including 2 ELH cells. This might mean that there are unique genes that only
exist in a few cells.
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Figure 8. (A-I) Highlighting cell populations that express genes of interest. The markers used to
plot these graphs are in table 2. (B) Cells that express ChAT, VAChT, or both are labeled red,
green, and yellow, respectively. (G) Cells that express either sequence of APGWamide or both are
labeled red, green, and yellow, respectively. Most of these cells are in cluster 0, 3, and 5.
Cholinergic and conopressin cells are in cluster 5, which consists of cells from the RG.
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Gene expression profiles of all the cells expressed a gene of interest were compared by
plotting the gene-by-cell matrices of these cells containing a subset of genes. Only gene
expressions of the top 30 highly variable genes for each cell population along with the 11 genes of
interest were compared, with the expression levels scaled from 0 to 6 as illustrated by the heatmap.
The rows and columns of the heatmaps were clustered hierarchically to reveal expression patterns
among cells that express the same neurotransmitter. Figure 9A-B show the gene expression
heatmap for SCP and APGWamide as proof of concept. On both heatmaps, there were groups of
cells that shared some expression patterns and the only common gene throughout the heatmap were
the gene of interest (i.e., SCP or APGWamide).

1.5 Discussion
To the best of our knowledge, there have been no attempts to construct a high-throughput
brain single-cell library for a molluscan species. The project has established a framework for
constructing high-throughput single-cell transcriptomes in Berghia and offered insights about the
characteristics of our sample. The data allows us to identify the problems in our protocol and the
process overall and how we can improve them to yield better cell quantity and quality.
Using the candidate gene approach, I was able to identify populations of cells that express
a wide range of neurotransmitters. The data also reveals the cell diversity of the RG. The cells
show two distinct expression patterns, one with RG cells that have similar expression profiles to
cells from the rest of the brain and one with RG cells that have similar expression profiles to each
other.
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1.5.1 A protocol to construct high-throughput single-cell transcriptomes in Berghia
The project allows us to understand the characteristics of the sample better. There are
multiple problems that we observe in the sample throughout the three steps of the experiment, for
which we have looked into potential alternative solutions to address. The most significant problem
is the low cell count. This in general might result from cell loss during the sample preparation step.
Cell loss occurs due to manual handling of the sample. Concerns of cell loss was addressed in the
dissociation process by coating pipette tips with gelatin and LoBind tubes with 4% BSA,
minimizing pipetting time during the cell dissociation step, and using a swing bucket centrifuge in
the methanol fixation step for optimal cell collection. However, the cells were rehydrated and refixed many times for cell counting purpose before being pooled together into one sample. Each
round of rehydration involves two rounds of wash, which can contribute to cell loss. This can be
addressed by only fixing the cell suspension once in the sample collection process and counting
the cell suspension when all samples are pooled together before being sent for library prep. In
addition, low cell count can also be due to improper capture of the cells in the platform. This is a
possibility, but it is difficult to conclude that how much this factor contributes to the low cell count
present in this dataset. However, if this is proven to be the case, this problem can be resolved by
having a high quantity of cells and multiple samples run parallel.
The second problem is the low number of genes and UMIs observed in the dataset. This
suggests that the cell quality is not high or sufficient sequencing depth is not yet reached. Low cell
quality can be a result of RNA degradation/leakage between sample collection and library prep.
Chen et al. (2018) showed that RNA integrity is better preserved when cells are rehydrated with
3X SSC buffer instead of PBS, while the storage and fixation process have little effect on RNA
quality. The sample was sequenced at 40,000 reads per cell, which is a typical depth required for
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cell discovery purpose (Andrews and Hemberg, 2018). A combination of an appropriate
rehydration buffer and higher sequencing depth might substantially improve the dataset quality.
Each of the three steps of the protocol was also re-evaluated to identify potential problems.
A concern in the sample collection step is the presence of multiplets, which can hinder the
effectiveness of of cell capturing during the sequencing step. This is potentially resolved by
adjusting the appropriate dissociation time and speed for the samples. There was not a significant
number of cells with irregular number of genes or transcripts per cell from the sequencing data.
The current workflow also has a systemic bias against the wide range of Berghia’s neuron
sizes (10-100µm). First, the Chromium platform has a cell size limit of 40µm due to the constraint
of the microfluidics. This leaves out cells with diameter more than 40µm. However, it is worth
noting that no cells larger than 40µm were observed in the cell suspension. This suggests that the
dissociation protocol is too harsh for the more fragile large cells. In this case, the dissociation
process matches the criteria of the library prep platform, but it is not ideal overall. Ultimately, cells
of various sizes should be collected and get filtered out using a 40um cell strainer. We were aware
of this size constraint issue; however, we still chose to carry on with Chromium due to its highly
optimized and automated platform and high cell collection rate (65%) that can give us a good
preliminary overview of the data, even on just the smaller cells.
The cell size problem can be addressed in three different ways: 1) separate dissociate
protocols for different cell sizes, 2) an alternative library preparation platform with no cell size
limits, and 3) single-nuclei RNA sequencing (snRNA-seq) instead of scRNA-seq. For the first
solution, two separate dissociation protocol should be developed; each is optimized for a different
cell size range.
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For the second solution, split-pool ligation-based transcriptome sequencing (SPLiT-seq) is
a promising platform that fits the criterion. SPLiT-seq labels cells by pooling and splitting the cell
suspension in four 96-well plates, each plate carries a unique set of barcodes, attaching a unique
combination of barcodes to each cell. The paltform enables sample multiplexing, eliminates the
size limit, and works well with fixed or frozen cells or nuclei (Rosenberg et al., 2018). This
flexibility would allow us to harvest all the samples and process them all at once, eliminating batch
effects. Fixation is incorporated to be part of the library prep process, which is compatible with
our dissociation protocol.
Lastly, snRNA-seq has quick and mild nuclei extraction protocols that help preserve the
integrity of the nuclei, while still yielding comparable results as scRNA-seq (Bakken et al., 2018;
Rosenberg et al., 2018). snRNA-seq can also be used with the 10X Chromium platform and the
smaller size of nuclei can overcomes the size limit (Korrapati et al., 2019; Slyper et al., 2020).

1.5.2 The rhinophore ganglion shows similar cell heterogeneity as the rest of the brain
The data reveals interesting findings about the rhinophore ganglion. The cells are split into
two categories: those that cluster together in cluster c5 and those that cluster with other brain cells.
Yet, the diversity in cell types in the RG is about the same as that in the rest of the brain. Based on
expression profiles, we can predict that there are at least 6 RG cell types. For the marker genes that
clearly label their respective clusters, they can be used to design HCR probe to identify these cells
in the RG and also see where else in the brain they are expressed.
The rhinophore ganglia were separated from the rest of the brain because they contain
much more cells (18,000 cells per pair of ganglia) that are much smaller (less than 20µm). Despite
a higher theoretical number of rhinophore cells than that of the rest of the brain, the concentration
of the rhinophore cell suspension was lower than that of the brain (800 cells/µL vs 1000 cells/µL),
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and the same pattern was observed in the final number of cells collected (316 rhinophore cells vs
691 brain cells). One explanation is that the dissociation was incomplete for the rhinophore
samples, i.e., many cells stuck to the ganglion sheath.

1.5.3 A custom data analysis pipeline for our single-cell transcriptomics data
Custom R scripts for our dataset were built based on several streamlined scRNA-seq data
analysis packages. HTStream is a relatively new software package to process reads before salmon
alevin aligns and maps the reads to a reference transcriptome. This pre-processing step helps speed
up the aligning pipeline. Seurat has been gradually established as a compatible package to process
10X data. The data is processed using HTStream’s default parameters because its functions do not
deal with the biological charactertistics of the organism the reads came from. The post-HTStream
output was provided to alevin with both settings: default and liberal. With alevin, the default
parameters might not work are due to the fact that we do not have a genome for Berghia yet; hence,
the read mapping might need to be more liberal, i.e., specifying the number of cells that alevin has
to incorporate into their CB whitelist with the forceCells argument, to properly map all the reads.
Downstream analysis in Seurat has showed that the default settings give better clustering in the
final stage.
With Seurat, I opted to use more permissive parameters and thresholds because Seurat
delves into the properties of the cells, which depend on the biology of the sample. The reasons are:
1) we have no expectations as to what the data should look like, i.e., what the quality of Berghia’s
neurons should be in terms of their RNA amount and 2) the default parameters of commonly used
bioinformatics packages are usually optimized for human and mice dataset. In the case of Seurat,
when using the default threshold (i.e., genes need to be present in at least 3 cells and cells need to
have at least 200 genes), a large number of genes were discarded in both samples. 101 cells and
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76,442 genes were removed in the brain sample, whereas 35 cells and 80,182 genes were removed
in the rhinophore sample. With the median genes per cell in both samples is around 470-530 genes
per cell, this suggests that many genes that were present in fewer than 3 cells were removed.
Lastly, another way to improve read mapping and gene calling is by having a brain
reference transcriptome. The current Berghia reference transcriptome was built from whole-body
Berghia from different life stages (i.e., multiple embryonic stages and juvenile) and adult tissues
from different parts of the body (i.e., brain, oral tentacle, rhinophore, foot, tail, and proximal and
distal ceras). Hence, they are not concentrated with brain transcripts. The reference transcriptome
can be improved by 1) incorporate the brain transcriptome into this transcriptome and 2) further
annotate the reference transcriptome using OrthoFinder to improve the annotation. Currently, the
reference transcriptome is only partially annotated, so not all transcripts will have an annotation.
However, the unannotated gene can still be used as a marker gene for defining a cell type despite
not knowing its function.

1.6 Conclusion
Overall, the transcriptomes give us invaluable preliminary overview of the composition of
the gene expression profiles of all the neurons. I was able to identify several cell populations of
genes of interest. The data also reveals that the cell diversity in the RG is similar to that in the rest
of the brain. The marker genes identified in this analysis can be used to label the cells in the brain,
enabling the characterization of cell identities. In addition, I have established a custom R script
that can quickly analyze new data and compare it with any previous data. The low cell recovery
rate is expected for a first run of a new species. The data has revealed some possible problems in
the workflow, from sample collection to data analysis, that we can improve on to get better data.
A combination of 10X and SPLiT-seq will be able to cover all the cells in the brain. The
28

transcriptomics data has opened up a different way to study neuronal diversity in nudibranch. We
can now use gene expression profiles to study neurons beyond candidate genes and to categorize
neurons into new cell types. Moreover, HCR probes can be designed for any genes in the dataset,
especially the marker genes, to localize the cell populations that express these genes in the brain.
At the same time, HCR results can be compared with the transcriptomics data by plotting the gene
expression profiles of the same cell populations on the heatmap, similar to Figure 9. This provides
a way in which we can utilize the transcriptomes and in situ staining techniques, along with
anatomical features, to identify individual cells in the brain.
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CHAPTER 2
CIRCADIAN RHYTHM OF LOCOMOTION OF BERGHIA STEPHANIEAE

2.1 Introduction
Circadian clocks are endogenous biological clocks that govern behavioral and
physiological rhythms, such as the sleep/wake cycle, locomotion, feeding, hormone regulation,
and cell cycle regulation. Circadian clocks allow organisms to coordinate their behavior to external
stimuli, such as the cycle of day and night. The synchronization of internal circadian clocks and
environmental stimuli is crucial to an organism’s well-being and survival. Disruptions in circadian
clocks are observed in patients with psychiatric diseases such as schizophrenia, bipolar disorder,
depression, and autism (Tsumoto et al., 2011). Circadian rhythms exist in many living organisms,
ranging from cyanobacteria, molluscs, insects, to mammals. Circadian clocks have been studied
in a wide range of organisms. These studies provide a general picture of the evolutionary
development of the circadian clocks and emphasize the importance of the circadian clocks
throughout evolutionary history.
The molecular components of circadian clocks were discovered in Drosophila
melanogaster (Konopka and Benzer, 1971; Sehgal et al., 1994; Rutila et al., 1998; Allada et al.,
2003). However, the neural mechanisms that translates the output of circadian clocks to changes
in behaviors are not well understood. Studying the neural circuits controlled by these circadian
oscillators provide ways to manipulate the circadian clocks.
Gastropod molluscs have been used for neuroscience research because they have relatively
simple nervous systems with large and individually identifiable neurons and simple behaviors.
Homologous neurons can be identified across species, allowing their behavioral functions to be
30

assessed and mapped onto the evolution of neural circuits coupled with behaviors (Newcomb and
Katz, 2009). The size of the neurons allows clear visualization with stereomicroscopes facilitating
electrophysiological recordings. Their nervous systems have been well-characterized and their
simplicity enables easy manipulation.
Circadian rhythms in gastropod molluscs have been studied for 50 years, first in Aplysia
californica (Kupfermann, 1968; Jacklet, 1972; Block and Lickey, 1973; Lickey et al., 1977;
Newcomb et al., 2012, 2014; Sakurai et al., 2014). Because of its vital role in influencing
behaviors, we are interested in characterizing the cirdian rhythm of Berghia. Thus, we want to
investigate whether locomotion follows a circadian rhythm in Berghia and compare the results
against previously done experiments in other gastropod molluscs to determine whether Berghia is
a useful system to study the neural mechanisms of circadian rhythms.
Berghia has not previously been used as an experimental subject for behavioral
neuroscience, so little was known about its behavior. In order to begin using Berghia as a system
to study the neural mechanisms with which circadian patterns in behavior are produced, it is crucial
to have a stereotypical, easily observable circadian behavior. This experiment tested for the
presence of observable circadian behaviors in Berghia. Previous research established that
gastropod locomotion exhibits a circadian rhythm (Kupfermann, 1968; Block and Roberts, 1981;
Block and Davenport, 1982; Newcomb et al., 2014). Therefore, locomotion was chosen as the
target behavior to investigate the existence of its circadian rhythm in Berghia. The experiments
with Berghia addressed two goals: 1) to identify whether the locomotor activity of Berghia follows
a circadian rhythm and 2) to establish the feasibility of using Berghia as a tool to study how the
circadian clocks affect neural circuits underlying behavior. Even though more trials need to be run
to make a concrete conclusion on Berghia’s circadian rhythm, the results strongly suggest that

31

Berghia is nocturnal and they have an endogenous circadian clock. In addition, light and hunger
state have a modulatory effect on their locomotion and circadian rhythm. The experiment has also
established that a protocol and experiment setup to track locomotion of Berghia for circadian
rhythm studies.

2.2 Methods
2.2.1 Light preference experiment setup
Illumination for constant darkness recording in circadian rhythm can use either red light or
infrared light depending on the specific animal’s ability to see red light or not. Three control
experiments were carried out: 1) white light vs. dark, 2) red light vs. dark, and 3) IR light vs dark.
A tank was shone from the bottom by an A4 LED light board. The light board was half covered
with black cardstock paper to create a dark environment, half uncovered for white light and IR
light, and half covered with red transparent plastic sheet to imitate red light (Figure 10). For each
pair of lighting conditions, the experiments were carried out three times: Three sets of ten Berghia
were put a) all in the light, b) all in the dark, and c) evenly in half light and half dark. After fifteen
minutes, their positions were recorded to determine their light preference.

2.2.2 Circadian rhythm experiment video recording setup
The setup was designed to avoid all external stimuli such as light, food, temperature, and
interactions. An acrylic and bottomless well platform, covered with mesh to provide sufficient
aeration and water flow, was built to house the Berghia individually. The water temperature was
monitored by a thermometer, whereas the aeration was provided via an air pump. The setup was
covered with blackout curtains.
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Figure 10. Control experiment setup to test the Berghia’s preference for different lighting
conditions. A tank was half shone with either white light, red light, or IR light, represented by the
yellow shading, and the other half was left dark, represented by the black shading. The webcam
was placed above the tank to record the animals’ positions after 15 minutes of the experiment.
There are two recording setups that are slightly different in terms of lighting. In the first
setup, two layers of opaque acrylic plexiglass were put an inch apart underneath the tank. Four
white LED circuit was placed underneath the upper plexiglass. Four IR LED circuits were placed
underneath the lower plexiglass. The plexiglass provided diffused lighting under the tank. The two
LED systems were connected to an outlet timer to automatically switch between day light and
night light (Figure 11).

Figure 11. The video recording setup 1 using white LED and IR LED. Four white LED circuit
was placed underneath the upper plexiglass. Four IR LED circuits were placed underneath the
lower plexiglass. The plexiglass provided diffused lighting under the tank.
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In the second setup, I had to change the lighting setup because some of the LED diodes
had broken and the circuit setups were tangled together. Instead, I used two aquarium lights 40cm
above both sides of the tank, each is 135 lumens, shining at 40 degrees angle as the white light
source and two outdoor infrared lights pointing at 90 degrees to both sides of the tank as the
infrared light source. The plexiglass was used to avoid reflection of the white light on the water
surface for the recording. The infrared lights were always on, whereas the two white lights were
connected to an outlet timer to automatically switch between the daytime and nighttime phase.
These infrared lights have stronger intensity than the infrared LED circuits so they generate a lot
of heat. The condition was also exacerbated by the fact that the whole setup was closed off by
blackout curtain. Therefore, a system of two water pumps was set up to circulate water between
the experiment tank and a water holding tank (Figure 12).

Figure 12. The video recording setup 2 using aquarium white light and IR LED panels. The
aquarium lights were hung on both sides of the tank at 40cm above the tank shining at a 40 degrees
angle downward. Two IR LED panels were placed on both sides of the tank shining at a 90 degrees
angle upward. The plexiglass provided diffused lighting above the tank. A system of two water
pumps was set up to circulate the water between the experiment tank and a water holding tank.
2.2.3 Daily activity recording to identify the circadian rhythm of locomotion
In order to determine whether locomotion follows a circadian rhythm, the behavior needs
to satisfy two criteria: 1) It follows a daily rhythm and 2) it can free-run in constant darkness,
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meaning it still maintain a daily rhythm that might be slightly longer or shorter than twenty-four
hours. Berghia’s locomotor activities were recorded over 1) four days of 12-hour light and 12hour dark (LD), followed by six days of constant darkness (DD), called LD first experiment or 2)
four days of DD, followed by six days of LD, called DD first experiment. The first lighting
arrangement was run with the first lighting schedule and the second lighting arrangement was run
with the second lighting schedule. Five Berghia, denoted animal a-e for the LD first experiment
and a’-e’ for the DD first experiment, were fed within 24 hours before the start of each experiment.
Videos were recorded using a Logitech webcam (Lausanne, Switzerland) and time-lapse videos
were made using VideoVelocity3 software (candylabs, BC, Canada) at a rate of one frame every
ten seconds. In the LD first experiment, the animals were sated during LD and hungry during DD
and in the DD first experiment, the animals were sated during DD and hungry during LD.

2.2.4 Data analysis
All the raw data files and MATLAB scripts to generate the analysis can be found as
Associated Files to this thesis (APPENDIX C). The videos were processed through Ctrax tracking
software (Caltech, CA) to yield an Excel spreadsheet of x- and y-coordinates of the position of the
Berghia at a particular time point. Then, the spreadsheets were imported to a series of MATLAB
scripts (MathWorks, MA) to yield a doublet-plotted activity actogram with the y-axis measuring
the total distance each Berghia traveled in ten-minute intervals over 48 hours on each row of the
actogram. The activity actogram has the y-axis measuring the amount of activity in one-hour bin,
was plotted in binary, where any amount of activity less than a threshold was 0 and any amount of
activity more than a threshold was 1. The threshold was determined by taking the maximum of the
minimum amount of activity in one-hour bin of a Berghia throughout the entire experiment times
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a factor of 10. Activity patterns would be determined from the double-plotted actogram, i.e.,
whether Berghia is diurnal or nocturnal.
The average activity for each animal for each lighting phase (i.e., LD or DD) in each
experiment (i.e., LD first or DD first) was plotted by averaging the activity by the hour (i.e., hour
1, hour 2,…,hour 24) over all the days of that lighting phase to determine the locomotion pattern
of an animal in each lighting phase and hunger state (i.e., LD-sated, LD-hungry, DD-sated, and
DD-hungry).
The average activity over the population for each lighting phase and hunger state was
plotted by averaging the activity by the hour over all the days of that lighting phase from all the
animals to determine the locomotion pattern of the population in that lighting phase and hunger
state and the effect of hunger on circadian rhythm.

2.3 Results
2.3.1 Light preference experiment shows that Berghia are photosensitive and they cannot
detect IR light.
The first control experiment compared between white light and dark. When the Berghia
were evenly distributed in half white light and half dark, 70% of the Berghia moved to the white
light part. When all were put in the dark, 77% of the Berghia moved towards the white light part.
Finally, when all were put in white light, 90% of the Berghia remained in the white light part.
These results showed that the Berghia have a strong preference for white light (Figure 13, “white
light” panels).
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Initial position (0 min)

Final position (15 min)

White light
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30%
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30%
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20%
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Figure 13. Light preference control experiment between white, red, and IR light vs dark. The tank
setup is on the upper left corner of the figure. The schematics on the right side of the figure shows
the setup of the experiment. For each pair of lighting conditions, the experiments were carried out
three times: Three sets of Berghia (n = 10) were initially put a) evenly in half light and half dark,
b) all in the dark, and c) all in the light. After fifteen minutes, their final positions were recorded
to determine their light preference. The percentage at the bottom of each panel shows the
percentage of animals ended up in either side of the tank.
The second control experiment compared between red light and dark. When the Berghia
were evenly distributed in half red light and half dark, 83% of the Berghia moved to the red light
part. When all were put in the dark, 77% of the Berghia moved towards the red light part. Finally,
when all were put in red light, 73% of the Berghia remained in the red light part. These results
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showed that Berghia can detect red light and have a preference for red light over dark (Figure 13,
“red light” panels).
The third control experiment compared between IR light and dark. When the Berghia were
evenly distributed in half IR light and half dark, 60% of the Berghia stayed in the dark and 40%
of the Berghia were in the IR light. When all were put in the dark, 77% of the Berghia remained
in the dark. Finally, when all were put in IR light, 67% of the Berghia remained in IR light. These
results showed that the Berghia did not have move towards the opposite side, suggesting that they
can not differentiate between IR light and dark (Figure 13, “IR light” panels).

Figure 14. Double-plotted activity actogram of two individual Berghia in the LD first experiment.
The y-axis shows the amount of activity an animal exhibited in one hour over 48 hours, or 2
consecutive days. The yellow shading represents when the light was on and the grey shading
represents when the light was off. The bar on top of the graph indicates circadian time, with the
yellow bar labeling subjective day and black bar labeling subjective night. (A) shows the actogram
of a typical animal in this experiment (animal b), where it was nocturnal during LD and locomoted
constantly throughout DD. (B) shows the actogram of an animal with abnormal locomotion
(animal d), where it did not move much during the LD phase but then locomoted sporadically
throughout DD.
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2.3.1 During the 4 days LD followed by 5 days DD, Berghia were active at night during the
LD phase and had erratic locomotion pattern during the DD phase
4/5 animals exhibited a nocturnal pattern when exposed to LD, i.e., they were more active
during the nighttime. When they were switched to DD, all animals either did not locomote at all
or locomoted throughout the day for the first 3 days and then stopped locomote for the last 2 days.
There is individual difference between animals. Figure 14 shows double-plotted activity actograms
for a typical animal in the cohort (A) and for an animal behaving abnormally (B). The abnormal
animal did not locomote much throughout LD but then locomoted sporadically throughout DD.
Plotting the average activity by hour of the day for each animal shows that on average animals
showed a nocturnal pattern during the LD phase and locomoted throughout the day during DD
phase. Figure 15 shows such graph from the same two animals as in figure 13. The same patterns
are observed when locomotion activity of all 5 animals are averaged (Figure 18A and D).

Figure 15. Average activity by hour of the day for each animal throughout the 9 days of the
experiment. The y-axis measures the average amount of activity, the x-axis indicates the hour of
the day, the yellow and black colors label light on/off. (A) shows the average activity of a typical
animal in the cohort (animal b), where the animals were nocturnal during LD and arrhythmic
during DD. (B) shows the avaerage activity of an abnormal animal (animal d), where the animal
did not show any rhythms throughout the experiment.
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Figure 16. Double-plotted activity actogram of two individual Berghia in the DD first experiment.
The y-axis shows the amount of activity an animal exhibited in one hour over 48 hours, or 2
consecutive days. The yellow shading represents when the light was on and the grey shading
represents when the light was off. The bar on top of the graph indicates circadian time, with the
yellow bar labeling subjective day and black bar labeling subjective night. (A) shows the actogram
of a typical animal in this experiment (animal b’), where it was consistently nocturnal during both
DD and LD. (B) shows the actogram of an animal with abnormal locomotion (animal e’), where it
was nocturnal during DD but then switched to diurnal during LD.
2.3.2 During the 4 days DD followed by 4 days LD, Berghia were consistently active at
night.
All animals exhibited a nocturnal pattern when exposed to DD, i.e., they were more active
during the subjective night. When they were switched to LD, 3/5 animals remained nocturnal while
2/5 animals switched to diurnal. Similar to what observed previously, each animal exhibited
slightly different behavioral pattern. Figure 16 shows double-plotted activity actograms for a
typical animal in the cohort (A) and for an animal behaving abnormally (B). Plotting the average
activity by hour of the day for each animal shows that on average animals showed a nocturnal
pattern during the DD phase; however, during the LD phase, the majority of the animals were most
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active during the light-dark transition, followed with decreasing activity level during nighttime in
some and decreasing activity level during daytime in others. Figure 17 shows such graph from the
same two animals as in figure 15. On average of 5 animals, the animals were slightly more active
during both the zeitgeber and circadian time (Figure 18B-C).

Figure 17. Average activity by hour of the day for each animal throughout the 9 days of the
experiment. The y-axis measures the average amount of activity, the x-axis indicates the hour of
the day, and the yellow and black colors label light on/off. (A) shows the average activity of a
typical animal in the cohort (animal b’), where the animals were nocturnal throughout the
experiment. (B) shows the avaerage activity of an abnormal animal (animal e’), where the animal
switched from nocturnal to diurnal when the lighting phase switched.
2.4 Discussion
2.4.1 Light preference control experiment showed that Berghia are sensitive to red light
and IR light is a suitable light for the dark recording
To record Berghia’s locomotion in the dark, a light source is required to enable the webcam
to record the videos. Red light is usually used to observe nocturnal animals in the dark (Finley,
1959). Because Berghia can recognize red light as light, IR is an alternative for dark recording
(Southern et al., 1946). The rationale behind the experiments is if the Berghia show a preference
for either light, they can detect the difference between them. From the experiment between white
light and red light vs. dark, the results suggest that Berghia prefer light. The experiment between
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IR light vs. dark confirms the choice to use IR light to facilitate the dark recording. One of the
troubles encountered during setting up the IR light system for the circadian rhythm experiment’s
video recording setup was how to diffuse IR light. Since IR’s wavelength is outside of the visible
light spectrum, IR does not behave like visible light, i.e., it does not refract or reflect in the same
manner. Different materials were tested until the opaque acrylic plexiglass was proven to
effectively diffuse IR light.

Figure 18. Average activity by hour of the day for the whole animal cohort (n=5) for both
experiments. (A and D) are from the LD first experiment. (B and C) are from the DD first
experiment. The title for each subplot also indicates the hunger state. The y-axis measures the
average amount of activity, the x-axis indicates the hour of the day, and the yellow and black colors
label light on/off. Comparing across the plots by rows shows that when there was no light and the
hunger state was the same, the difference in activity level between the subjective day and night is
not as significant. Comparing across the plots by columns shows that when the hunger state was
different, the presence of light keeps the activity level the same (A and C), whereas the absence of
light eliminates this modulation and the animals did not follow their circadian rhythm when they
were hungry (B and D).
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2.4.2 Berghia have a nocturnal circadian rhythm, which is modulated by hunger state and
light
Overall, Berghia exhibit a nocturnal circadian rhythm. In the first experiment, when they
were exposed to 4 days LD then 5 days DD, the nocturnal rhythm during the first phase was
diminished during the second phase. There are two possible explanations for their change in
behaviors: 1) they do not locomote to conserve energy due to the lack of food and 2) they locomote
throughout the day with decreasing activity level to forage for food. These explanations lead to the
hypothesis that due to their being fed only once at the beginning of the experiment, hunger state
modulates their circadian rhythm in the absence of light acting as a zeitgeber. Therefore, the
lighting schedule was reversed to test whether Berghia exhibited a nocturnal rhythm in DD when
they were sated. Indeed, they were all active during the subjective night. This suggests that they
have an endogenous circadian clock governing their locomotion. During LD, some remained
nocturnal whereas some switched to locomote during the day. It is possible that they associate
daytime with their regular feeding time per their raising condition in the lab. The patterns in 4
different conditions, i.e., LD/sated, DD/sated, LD/hungry, and DD/hungry, are illustrated in Figure
18. More experiment trials need to be run to validate the results due to the individual differences
of the animals.

2.5 Conclusion
Their patterns in LD in experiment 1 and their patterns during DD in experiment 2 (i.e.
more active at night) strongly suggest that they exhibit a nocturnal circadian rhythm and they have
an endogenous circadian clock. Their patterns in DD in experiment 1 (i.e., irregular patterns) and
their patterns during LD in experiment 2 (i.e., active at either night or day) suggest that light has a
modulatory effect on their locomotion. Light modulates their circadian rhythm even when they are
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hungry, in the instances that the animals are active during the night. In addition, light also gives
them cues about feeding time, in the instances that the animals active during the day. Their
behaviors during the second phase of both experiments also suggests that hunger has a modulating
effect on their circadian rhythm. More experiments need to be done to explore the effect of
hunger/satiety on modulating Berghia’s behaviors as well as making a definite conclusion since
the sample size is small and two slightly different experiment setups were used
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APPENDIX A
MARKER GENES OF CLUSTERS AND SUBCLUSTERS
Table 2. Top five marker genes for each cluster and subcluster ranked by the highest average log
fold-change of the average expression within a particular cluster to their expression elsewhere in
the dataset.
avg_logFC

p_val_adj

cluster

0.83

1.6E-35

0

1.20

5.1E-13

0

0.90

2.5E-11

0

0.80

4.8E-09

0

0.89

4.5E-07

0

2.48

3.5E-95

1

3.65

2.3E-93

1

2.87

3.6E-75

1

2.55

4.9E-57

1

2.85

6.7E-46

1

2.79

6.5E-88

2

2.58

5.3E-86

2

3.03

1.3E-72

2

2.70

1.2E-58

2

3.71

8.3E-37

2

1.33

4.1E-43

3

1.48

1.2E-23

3

1.79

8.0E-14

3

1.55

1.2E-08

3

1.55

1.2E-08

3

1.51

2.2E-05

3

gene
g-TRINITYDN2666-c0-g2-i1
g-TRINITYDN5797-c0-g1-i1
g-TRINITYDN6141-c1-g1-i3
g-TRINITYDN4521-c0-g1-i4
g-TRINITY-DN490c0-g1-i5
g-TRINITYDN13441-c0-g1-i8
g-TRINITYDN25417-c0-g2-i15
g-TRINITYDN14179-c0-g2-i4
g-TRINITYDN3430-c14-g2-i2
g-TRINITYDN12960-c0-g1-i4
g-TRINITYDN6784-c0-g1-i18
g-TRINITYDN8011-c1-g1-i10
g-TRINITYDN1312-c1-g2-i1
g-TRINITY-DN565c36-g1-i1
g-TRINITYDN11037-c0-g3-i1
g-TRINITY-DN133c3-g2-i5
g-TRINITYDN11828-c0-g1-i1
g-TRINITYDN3335-c0-g1-i2
g-TRINITYDN45770-c0-g1-i1
g-TRINITYDN45770-c0-g1-i1
g-TRINITYDN5968-c0-g1-i2
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annotation
._NA
PDE9A-MOUSE_High affinity cGMPspecific 3',5'-cyclic phosphodiesterase 9A
NPDC1-HUMAN_Neural proliferation
differentiation and control protein 1;
SCOCA-DANRE_Short coiled-coil protein
A;
CWO-DROME_Transcription factor cwo
._NA
GEPRP-LOTGI_Glycine, glutamate and
proline-rich protein;
._NA
DERM-BIOGL_Dermatopontin;
._NA
HYKK-HUMAN_Hydroxylysine kinase;
CO5-MOUSE_Complement C5;
._NA
._NA
._NA
CNRP1-MACFA_CB1 cannabinoid
receptor-interacting protein 1;
FABP9-CAEEL_Fatty acid-binding protein
homolog 9;
._NA
._NA
._NA
CP089-MOUSE_UPF0764 protein C16orf89
homolog;

4.06

4.0E-164

4

4.01

2.9E-143

4

3.83

2.0E-129

4

3.80

1.3E-127

4

4.02

6.4E-126

4

1.27

2.2E-20

c5 0

1.23

4.7E-12

c5 0

1.07

5.8E-08

c5 0

1.20

1.1E-07

c5 0

1.07

4.1E-06

c5 0

2.08

3.8E-08

c5 1

1.89

5.9E-07

c5 1

2.03

8.1E-07

c5 1

1.79

1.8E-05

c5 1

2.37

4.2E-05

c5 1

2.18

3.3E-47

6

2.02

5.8E-29

6

2.12

3.5E-28

6

2.01

1.4E-25

6

2.06

1.3E-23

6

1.60

2.2E-10

7

1.41

4.1E-07

7

1.47

1.0E-06

7

1.26

7.1E-03

7

1.26

5.9E-02

7

g-TRINITYDN204895-c7-g1-i1
g-TRINITYDN25682-c0-g1-i1
g-TRINITYDN2871-c0-g1-i15
g-TRINITYDN2871-c0-g1-i7
g-TRINITY-DN497c5-g1-i1
g-TRINITYDN4708-c0-g1-i11
g-TRINITYDN2084-c0-g1-i4
g-TRINITYDN4708-c0-g1-i1
g-TRINITYDN3486-c0-g1-i6
g-TRINITYDN15768-c0-g1-i16
g-TRINITYDN10811-c0-g1-i1
g-TRINITYDN1127-c2-g1-i3
g-TRINITYDN2462-c1-g1-i3
g-TRINITYDN1273-c2-g2-i1
g-TRINITYDN28024-c0-g1-i3
g-TRINITYDN28353-c0-g1-i2
g-TRINITYDN19884-c0-g1-i1
g-TRINITYDN2602-c14-g1-i1
g-TRINITYDN28353-c0-g1-i4
g-TRINITYDN1409-c3-g3-i1
g-TRINITY-DN708c41-g1-i1
g-TRINITY-DN937c4-g1-i3
g-TRINITYDN2761-c0-g1-i11
g-TRINITYDN5149-c0-g1-i1
g-TRINITYDN8390-c2-g1-i3
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._NA
IGFBP-CUPSA_Insulin-like growth factorbinding protein-related protein 1;
POL3-DROME_Retrovirus-related Pol
polyprotein from transposon 17.6;
._NA
CO1A2-RAT_Collagen alpha-2(I) chain;
CRERF-DROME_Protein CREBRF
homolog
CAMP1-HUMAN_Calmodulin-regulated
spectrin-associated protein 1;
CRERF-DROME_Protein CREBRF
homolog
._NA
._NA
._NA
TMED8-PONAB_Protein TMED8;
._NA
._NA
IF4A-CAEEL_Eukaryotic initiation factor
4A;
ANPRC-HUMAN_Atrial natriuretic peptide
receptor 3;
._NA
CP18A-DROME_Cytochrome P450 18a1;
ANPRC-HUMAN_Atrial natriuretic peptide
receptor 3;
MLRP2-ACRMI_MAM and LDL-receptor
class A domain-containing protein 2;
._NA
DPOLA-HUMAN_DNA polymerase alpha
catalytic subunit;
._NA
NLK-HUMAN_Serine/threonine-protein
kinase NLK;
DSCAM-CHICK_Down syndrome cell
adhesion molecule homolog;

APPENDIX B
CELL POPULATIONS THAT EXPRESS GENES OF INTEREST
Table 3. The presence or absence of these groups of cells and information of the marker genes
Neurotransmitter
Glutamate
Acetyl choline

Serotonin
Dopamine
SCP
FMRFamide
APGWamide

Conopressin
ELH

Marker gene
g-TRINITY-DN725c9-g1-i2
g-TRINITYDN14660-c0-g1-i2
g-TRINITYDN14660-c0-g2-i2
g-TRINITYDN36980-c0-g1-i1/2
g-TRNINITYDN27267-c0-g1-i8
g-TRINITY-DN252c1-g1-i1/2
g-TRINITYDN1785-c0-g1-i2
g-TRINITYDN117340-c0-g1-i1
g-TRINITYDN21075-c0-g1-i9
g-TRINITY-DN957c0-g2-i8
g-TRINITYDN1867-c0-g1-i1

Trinotate gene annotation
VGLU3-DANRE_Vesicular glutamate
transporter 3
CLAT-DANRE_Choline Oacetyltransferase
VACHT-TETCF_Vesicular
acetylcholine transporter
TPH1-CHICK_Tryptophan 5hydroxylase 1
TY3H-PHASP_Tyrosine 3monooxygenase
SCP-LYMST_Small cardioactive
peptides
FMRF-LYMST_FMRFamide
neuropeptides
BLAST hits (UniProt ID: Q9TY46)

Number of cells
3
28
130
2
2
32
12
34
12

CONOLYMST_Conopressin/neurophysin
BLAST hits
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9
2

APPENDIX C
LIST OF SUPPLEMENTARY FILES
The Associated Files attached with this thesis is a zipped folder consisting of the following
subfolders and files:
1. Folder 1: Single cell transcriptomes experiment
i.
Folder 1.1. Berghia_single_cell_brain_htstream_salmon. This folder contains the geneby-cell matrix output from the salmon alevin pipeline for the brain sample
It contains 4 subfolders and 2 files. For the sake of clarity, I only elaborate below on
files containing information that I used in the data analysis. Information about the other
files and folders can be found in the salmon alevin package documentation 5
- The “alevin” folder contains:
o “quants_mat_cols.txt”: column header (gene-ids) of the matrix
o “quants_mat_rows.txt”: row index (CB-ids) of the matrix
o “quants_mat.gz”: compressed count matrix
- File “cmd_info,json” contains information about the commands and flags used to
produce this gene-by-cell matrix.
ii.

Folder 1.2. Berghia_single_cell_rg_htstream_salmon. This folder contains the geneby-cell matrix output from the salmon alevin pipeline for the RG sample
It contains the same subfolders and files as folder 2.1

iii.

File “Berghia_transcriptome_trinotate_annotation_report.xls” contains information
about the reference transcriptome used to annotate the genes in the single-cell
transcriptomes
File “Official cell dissociation protocol for Berghia.docx” contains the detailed
instruction to dissociate Berghia’s brain into single-cell suspension

iv.

2. Folder 2: Circadian rhythm experiment. This folder contains 3 subfolders:
i.
Folder 2.1. DD first experiment: 4 days DD - 5 days LD. The duration of the experiment
is from 04/08-18. This folder contains 2 subfolders
- Raw data folder: 04-08 to 04-11 are DD condition and 04-14 to 04-18 are LD condition.
Each folder has 3 types of files:
• graph.fig shows the trajectory graph from idTracker
• table.mat is the raw x,y coordinate file in 3D matrix format from idTracker
• data.mat is the extracted x,y coordinate file ready to be input file to compute
distance
The files are named with the following format: animal_(x)_date_dark_…. : dark
indicates that these are the days the animals were exposed to DD or
animal_(x)_date_day/night_…: day/night indicates that these are the days the animals
were exposed to LD

5

Salmon alevin package documentation:
https://salmon.readthedocs.io/en/latest/alevin.html#using-alevin
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-

ii.
-

-

Processed data folder: 5 folders for 5 animals a-e. Each folder has 7 types of files.
They are listed in order of being created:
• Data.mat files from all the days. Use these files to compute distance
• Distance_data.csv: distance moved in 10-min bin. But this file is not humanreadable for all animals. But the objects created when run in Matlab is good.
• Actogram.fig: the individual actogram, y-axis is distance moved in 10-min bin
• Activity_data.csv: supposed to be all the activity data binned, input file to make
activity_actogram.fig.
• Activity_actogram.fig: the individual activity actogram, y-axis is activity, defined
by distance moved in 1-hour bin
• DD_full/LD_hunger_average_activity.mat: the matrix of the individual average
activity, input file to make the average_activity.fig
• Average_activity.fig: the individual average activity histogram. Average activity
by hour 1-24 throughout each lighting condition, i.e., over 4 days DD or 5 days
LD
Folder 2.2. LD first experiment: 4 days LD – 5 days DD. The duration of the
experiment is from 03/07-15.
Raw data folder: 03-07 to 03-10 are LD condition and 03-11 to 03-15 are DD
condition. Each folder has 3 types of files:
• graph.fig shows the trajectory graph from idTracker
• table.mat is the raw x,y coordinate file in 3D matrix format from idTracker
• data.mat is the extracted x,y coordinate file ready to be input file to compute
distance
The files are named with the following format: animal_(x)_date_dark_…. : dark
indicates that these are the days the animals were exposed to DD or
animal_(x)_date_day/night_…: day/night indicates that these are the days the animals
were exposed to LD
Processed data folder: categorized by each animal a-e. Each folder has 7 types of
files. They are listed in order of being created:
• Data.mat is the extracted x,y coordinate file, input file to compute distance. Files
from all the days.
• Distance_data.csv: distance moved in 10-min bin. But this file is broken for all
animals.
• Actogram.fig: the individual actogram, y-axis is distance moved in 10-min bin
• Activity_data.csv: supposed to be all the activity data binned, input file to make
activity_actogram.fig.
• Activity_actogram.fig: the individual activity actogram, y-axis is activity, defined
by distance moved in 1-hour bin
• DD_hunger/LD_full_average_activity.mat: the matrix of the individual average
activity, input file to make the average_activity.fig
• Average_activity.fig: the individual average activity histogram. Average activity
by hour 1-24 throughout each lighting condition, i.e., over 4 days LD or 5 days
DD
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iii.

Folder 2.3. Comparison between experiment 4 and 5
These have all the individual average_activity.mat files that are used to make the
population average activity graph comparing between the 4 conditions: LD_full,
LD_hunger, DD_full, and DD_hunger.
iv.
Folder 2.4. Matlab Scripts. This folder contains all the Matlab scripts used to analyze
the circadian rhythm experiment
- Bin_frames.m is a function that will be called inside the distance.m script to calculate the
10-min distance bin to graph the actogram
- Distance.m calculates 10-min distance bin for each animal
- Actogram.m graphs the actogram for each animal
- Normalized_activity.m calculates the 1-hour activity bin and binarizes the activity as
either 0 or 1 for each animal
- Activity_actogram.m graphs the activity actogram for each animal
- LD or DD_first average activity calculates the average one-hour activity bin by the hour
of the day throughout a lighting phase.
For example, in the LD first experiment, it would be the average activity of hour 1 from
all 4 days LD and the average activity of hour 1 from all 5 days DD. Use appropriate
script for appropriate experiment
- Population_average_activity.m calculates the average activity by the hour of the day
throughout a lighting phase for the whole population (n=5)
-

In addition to these Associated Files on ScholarWork, the R script to analyze the single-cell
sequencing data as well as the R markdown notebook can be found in this public Github repository:
https://github.com/thibui1996/Master_thesis_single_cell_project
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